Introduction
Nitrogen content is crucial for the growth of plants; direct and non-destructive remote sensing of their nutrient status is promising especially in cultivating the crop (Goel et al., 2003; Boegh et al., 2002; Diker and Bausch, 2003) . Nitrogen contents of plants in the form of dry powder, fresh leaves and even the canopy have been estimated by calibrating the reflectance spectra with the results of wet-chemical analysis (White et al., 2000; Grossman et al., 1996) . Typically, step-wise multi-linear regression (SMLR) and modified partial least square regression (MPLSR) were applied to analyzed the spectra obtained with a spectrophotometer or a fiber-optic spectrometer (Yoder and Pettigrew-Crosby, 1995; Serrano et al., 2002; García-Ciudad et al., 1999; Johnson and Billow, 1996; Gillon et al., 1999) . SMLR method requires fewer parameters for a satisfactory fitting of calibration equation. Yorder and Pettigrew (1995) successfully estimated the nitrogen contents in maple leaves using photometric data of 3 and 5 different wavelengths, and the determination coefficients (r 2 ) of SMLR were 0.71 and 0.85, respectively. Compared with SMLR, MPLSR method is even better for chemometric applications (Bolster et al., 1996; Gillon et al., 1999) , but spectral data of full (400-2500 nm) or partial (1100-2500 nm) bands and therefore a sophisticated optical system with grating mechanism or tunable filters are demanded. The powerful calibration method is therefore inappropriate for remote sensing studies using simple or field-type optical devices such as photodiodes (Stone et al., 1996) . Moreover, remote sensing including multi-spectral imaging techniques (Goel et al., 2003; Wood et al., 2003) using simple optics devices provide additional flexibility in eliminating environmental noise that will disturb the chemometric prediction. Therefore, calibration methods using fewer wavelengths (i.e. SMLR) are more suitable for general remote sensing purposes.
Wavelength determination is important for the cost reduction and precision of a remote sensing system, but cares should be taken for the non-linear phenomena at the chosen wavelengths. To calibrate a non-linear system, artificial neural network (ANN) with sigmoid transfer function and error back-propagating training scheme was widely used (Liu et al., 2001; Hsieh et al., 2001; Burks et al., 2000) .
Recently, Hsieh et al., (2002) had developed an ANN classification model for carcass (94% accuracy), but a large number of wavelengths was required. With fewer parameters, Mutanga and Skidmore (2004) compared the ANN and SMLR to map the grass nitrogen concentration in an African savanna rangeland. The ANN results showed a higher correlation coefficient (r= 0.96) for the training set, but the results for the test sets was not satisfactory (r= 0.77). In the present approach for appraising the application potential of multi-spectral imaging system for insitu monitoring the nutrient status of cabbage seedlings, the significant wavelengths were determined by SMLR method, and a new ANN training scheme was proposed for the nitrogen content prediction. The scheme required fewer input nodes for simulating the spectral data extracted from multi-spectral images of the seedlings, and a higher prediction accuracy was obtained.
Materials and methods

Cultivation of Cabbages Seedlings
Cabbage seedlings were planted in plastics pots of 8 cm diameter filled with medium composing of peat moss and perlite (1:1); each pot was irrigated with 50 ml of water every two days, and grown in 25℃ (day) and 20℃ (night) in a phytotron located in National Taiwan University. After 20 days of the conditioned growing, each pot was fertilized with 50 ml of HYPONeX No. 5 (HYPONeX, N: P: K=30:10:10) diluted to different extents (0, 500, 1000, 2000 and 4000 ppm). The fertilized seedlings were continuously grown until the 25th day.
Spectra Acquisitions and Nitrogen Content Measurement
After 25 days of cultivation, the foliages (432 from 130 seedlings) were cut and put into the small ring cup (NIRS 6500, FOSS NIRSystems) to measure the reflectance absorbance spectra (Table 1) . Total nitrogen contents of 118 randomly selected foliages were measured by Kjeldahl method (García-Ciudad et al., 1999) , and the results (TKN values, Table 1 ) were used to calibrate with different spectra types (smooth, derivative, full and partial bands of raw data) by MPLSR (WinISI software, FOSS NIRSystems). The best MPLSR equation, resulting from comparing rc2, SEC (standard error of calibration) and SECV (standard error of cross validation), was used to predict the nitrogen content of other samples.
Determination of multi-spectral imaging filters by SMLR
Spectra and nitrogen content of leaves (432 samples) were divided into the calibration set (324 samples) and validation set (108 samples) for SMLR analysis; the samples in both sets were with similar nitrogen content distributions (Table 1) . Raw spectra, from 400-2498 nm with 2 nm resolution, were indicated as (400-2500, 2) and used to establish calibration equations with one to seven significant wavelengths. By comparing r2, SEC, and SEV (standard error of validation), the best equation was selected with understanding the capability of error convergence by SMLR.
In order to extract the significant wavelengths for determining the filters of multi-spectral imaging system, the spectra in the sensitive band of CCD camera from 450 nm to 950 nm at 2 nm interval, indicated as (450-950, 2), were also analyzed by SMLR. Since the full width half maximum (FWHM) of commercial band-pass filters are usually 10 or 20 nm, the spectra in 450-950 nm were reconstructed by 10-points (20 nm) smoothing and selecting data points at 10 nm interval. The reconstructed spectra were indicated as 10 ) and used to analyze the significant wavelengths to compare the results of the spectra types (400-2500, 2) and (450-950, 2).
The significant wavelengths sets determined by SMLR in three types of spectra ((400-2500, 2); (450-950, 2); (450-950, 10)) were then used to model the ANN for estimating nitrogen content of leaves to obtain better calibration and prediction.
Conventional Modeling of ANN
The frame of adopted ANN was a perception multilayer network with error back-propagation as the training scheme and the generalized delta rule for weighting and threshold values adjusting (Fig. 1) . The input nodes were the wavelengths determined by SMLR; the numbers of neuron nodes in hidden layer 1 and 2 with the sigmoid transfer function were analyzed from 10 to 25 at 5 interval, and the singular output node with linear transfer function was used to calculate the nitrogen content of leaves. Matlab 6.1 (The Mathworks, Inc.) was used to model the ANN with adjustable learning rate and momentums to converge error quickly at each batch of training.
The initial values of weightings and thresholds were set consistent to escape the danger of being trapped in local minima during a gradient-based search (Boger, 2003) . The training scheme of ANN used the calibration sample set divided from all samples as the main objects to decrease error of the model and the remaining samples were as the validating objects to confirm the situation of over-fitting. Besides, the Savebest strategy (Hsieh et al., 2002) of ANN was also adopted. Therefore, the same sample sets of calibration and validation with SMLR were analyzed to determine the proper number of nodes in hidden layers and to confirm the ability of ANN for converging the error of nitrogen content prediction. Figure 1 . The structure of ANN model with one input layer, two hidden layers, and one output layer for traditional back-propagation training scheme.
Proposed Modeling of ANN
The proposed cross-learning schemes (Fig. 2 ) divided the samples of calibration into three subsets. Every two subsets were combined as the learning set in the next step, and each learning set was used as the calibration set in ANN modeling by turns. During the training process, the weighting and threshold values were adjusted by the errors resulting from different learning sets. The model of ANN with cross-learning scheme also validated by validation set and used the Savebest strategy. Finally, based on the conception of cross-learning, partial samples of calibration set were randomly selected into the learning set of ANN to calculate the error for adjusting the weightings and thresholds. The error convergence values of all calibration set were computed and compared with the results of validation set using the mentioned strategy. Therefore, the results of three ANN types were compared at every training epoch for their SEC and SEV values and at the best epoch for the r c 2 and r v 2 values. 
RESULTS AND DISCUSSION
Nitrogen contents in seedling leaves
In Table 1 , the total nitrogen content of randomly selected samples (n= 118) were determined by Kjeldahl method (TKN values), and the statistical results were tabulated. These analytical results were used to develop MPLSR calibration equations for the reflectance absorbance spectra of the samples. The spectra (1100-2500 nm) were smoothed (ten point smoothing) and its second derivative spectra (data interval = 10) was taken to obtain the best calibration equation by MPLSR. The best calibration results were r c 2 =0.97, SEC=4.24 mg/g, SECV=5.23 mg/g. The statistical results of the nitrogen contents obtained by Kjeldahl method and predicted by MPLSR are similar, which indicates the homogeneity of the random sampling process.
In order to determine the significant wavelengths for selecting suitable filters of multi-spectral imaging, leaves (432 samples) were divided into calibration (324 samples) and validation sets (108 samples), the distributions of nitrogen contents were similar as revealed by MPLSR prediction ( Table 1) . The samples were then analyzed by SMLR to determine the significant wavelengths. Table 2 shows the SMLR prediction errors obtained by analyzing one to seven significant wavelengths in full band. The errors were converged until the seventh terms without over-fitting. With seven wavelength calibration, the high linearity and low prediction errors can be achieved without pretreatments of the raw spectra. The reported remote sensing with multiple radiometers or spectral imaging system were less than four bands (Stone et al., 1996; Diker and Bausch, 2003; Kostrzewski et al., 2003) ; four terms were therefore considered to be the maximum for establishing the remote sensing model with multi-spectral apparatus. However, as shown in Table 2 , the results are not satisfactory, and other modeling methods should be attempted to increase the accuracy. In the following, filter sets of four and seven different wavelengths were determined from their SMLR results calibrated for the spectra types ((400-2500, 2); (450-950, 2); (450-950, 10)) mentioned in the experimental section. Table 3 listed the SMLR regression results of three types of spectra against four and seven selected wavelengths. The calibration equation with 7 wavelengths from full spectral band was the best, but the four wavelengths (1396 nm, 1536 nm, 1868 nm, and 2190 nm) in the nearinfrared region require advanced but expensive imaging devices such as InGaAs or HgCdTe camera to construct a multi-spectral imaging system (Ungar et al., 2003) . The applications will be restricted and inappropriate for agricultural purposes. The significant wavelengths ranged from 450 to950 nm are considered to be suitable for general and routine usage.
Number of Signification Wavelengths and SMLR Error in Full Band
Determining Filters for Multi-Spectral Imaging System
Although slightly less accurate than the full band result, the results of CCD sensing band of four and seven wavelength calibration are acceptable with additional economic benefits for assembling a CCD-based multi-spectral imaging system. The suitable wavelengths were restricted further by commercially available band-pass filters, and calibration equation with spectral data at 490, 570, 600, and 680 nm were found to be satisfactory for quantification purposes. With respect to the last calibration results of the spectra of wider bandwidth (20 nm), the data smoothing pretreatment may help in noise removal and thus improve the prediction accuracy. Error convergence of ANN ANN with traditional training scheme was performed by dividing all samples into calibration and validation sets, and the data of 4 significant wavelengths from full spectral band were input to analyze the proper network structure of layer and node numbers. Figure 3A shows the training results with one hidden layer, the error converged after 150 training epochs in case of 10 and 15 nodes, but the SEC and SEV show some inconsistency in case of the structure with higher node number. Over-fitting probably occurred in the training course. Similar phenomena were more obvious in the ANN model with two hidden layers (Fig. 3B) . Both results revealed a dilemma of the accuracy and consistence between calibration and validation sets, a training scheme based on cross-learning was therefore designed.
The proposed training scheme with three alternating fixed learning sets was analyzed with the same structures as the traditional scheme, the results were compared in Fig. 3C and Fig. 3D . The SEV after 1000 training epochs converged to about 12 mg/g with one hidden layer and 10 to 25 nodes (Fig. 3C) ; over-fitting was reduced but not to a satisfactory extent. The results with two hidden layers (Fig. 3D ) also shows a reduced divergence in contrast to traditional ANN, but the problematic over-fitting and inconsistent phenomena still existed. Figure 3E and 3F are the results obtained with a similar cross-learning training scheme except that the samples in the learning set were randomly selected from the calibration set. The improvements obtained with every ANN structure are obvious. Regarding the error convergence ability and the training cost, network of two hidden layers with 15 nodes was used in the following. 
Results of ANN models based on different spectral data
The aforementioned three learning schemes of ANN were conducted with Savebest strategy to record the best ANN model during the training process. The Savebest strategy is effective to achieve the best results without over-fitting that frequently occurred in a traditional training scheme. Therefore, the strategy was attempted in the present study to obtain the best model from the oscillating convergence characterized by the proposed cross-learning scheme. Figure  4 shows a typical modeling results (SEC and SEV) of 5000 training epochs, the SEV of the proposed model was converged at 8 mg/g. ANN models with the same initial values of weightings and thresholds will finally lead to a constant error convergence at certain epochs (Table 4 , the last column), but the modeling errors with randomly selected learning sets did not converge at a defined epochs number. As shown in the data rows for the proposed scheme, the standard deviations (as compared with the averages) are in an acceptable range from four repeated modelings. Considering the error convergences at every training epoch of the three ANN training schemes, the third type of ANN with Savebest was suggested according to prediction ability. The SEV obtained with four input nodes from spectra source of (400-2500, 2) was reduced from 10.20 mg/g (traditional ANN) to 8.84 mg/g (the proposed scheme). As compared with the SMLR result (12.35 mg/g), the improvement is even more significant (28%).
The spectra source for calibration model is crucial for developing a practical multi-spectral imaging system in agriculture applications. The ANN model with input data at 566, 574, 1396, and 1530 nm was the best but requires expensive imaging devices as mentioned early. The ANN results with four inputs from the spectra sources of shorter wavelengths, (450-950, 2) and (450-950, 10), were more promising for a general multi-spectral imaging applications; the accuracy were both improved 10 % of error convergence as compared with SMLR. The error convergences obtained by the proposed ANN modeling with four inputs were not significantly affected by their spectra sources. The choosing of spectral source for the ANN modeling is therefore more flexible for constructing an economic and practical multi-spectral imaging system.
The proposed ANN models with seven inputs were also performed. Compared with the SMLR results, the prediction accuracy had significant improvement except for the SEC from the spectra source of (400-2500, 2). Additional input terms until seven terms did increase the accuracy of SMLR analysis without over-fitting problems, but similar effects did not happen to the proposed ANN model. Using non-linear transfer function to fit the error of nitrogen prediction model, the ANN model with four selected input nodes obtained comparable results with seven input nodes. The ANN model with four input nodes from spectra of (450-950 (10)) was suggested for building the remote sensing model, the results, r c 2 =0.87, SEC=8.73 mg/g, r v 2 =0.84, SEV=9.60 mg/g, were satisfactory.
Compared with SMLR, the proposed ANN is more effective in error-fitting ability, more flexible in parameter (wavelength) selection. To monitor the nitrogen status of cabbage seedlings, multispectral imaging system with silicon CCD camera and four band-pass filters of 490 nm, 570 nm, 600 nm, and 680 nm is suggested. 
Conclusion
Significant wavelengths for estimating nitrogen content of cabbage seedling leaves were determined by SMLR analysis, and a modified ANN model was proposed to further increase the prediction accuracy. Wavelengths were selected from several spectra sources including full band spectra, spectra ranged from 450 nm to 950 nm, and spectra limited by commercially available filters for multi-spectral imaging using CCD. The SMLR results using parameters of four and seven wavelengths did not reach to linear regression equation with sufficient accuracy. Using the strategies of cross-learning and random-sampling in/between the calibration sets, the new training scheme was proven to be more precise than SMLR and traditional ANN methods. The problematic over-fitting effect of ANN was extensively reduced, and data set with even fewer parameters can be used to obtain satisfactory results from various spectra sources. A multi-spectral imaging system for agricultural purposes can be easily constructed with CCD and the band-pass filters when the proposed ANN model was adopted in the calibration modeling.
